ABSTRACT: In the southern Appalachia of the U.S., Aedes mosquitoes maintain and transmit La Crosse virus (LACV) which causes La Crosse encephalitis, a neuroinvasive disease of children. In response to mosquito outbreaks, communities organize prevention, detection, and response measures that are dependent on local characteristics of the mosquito population and the community. Knowing Ae. albopictus is an accessory vector of LACV and a nuisance biter, our objective was to build a system of ordinary differential equations to model dynamics in a single season using our data and readily available environmental variables that can reflect the abundance and activity of Ae. albopictus. Consequently, we built an Ae. albopictus single-season mathematical model for eastern Tennessee to fit our 2013 mosquito collection data in order to understand the population fluctuations. We included precipitation, temperature, and rate of change of temperature in the model because Aedes mosquitoes oviposit desiccant tolerant eggs with peak activity occurring over 26° C and those data are readily available and used frequently as forecast predictors. Our ordinary differential equation model accurately fits the data and facilitates predictions and better understanding of Ae. albopictus populations in southern Appalachia. Journal of Vector Ecology 43 (1): 138-147. 2018.
INTRODUCTION
Within the past few years, Aedes mosquitoes were responsible for the Zika virus and chikungunya outbreaks in Latin America and the Caribbean, a yellow fever outbreak in Angola (Lucey and Gostin 2016) , and a contained dengue fever outbreak in Hawaii (Johnston et al. 2016) . Prevention, detection, and response measures are implemented during outbreaks, but it is still not clear when to prevent or slow a vector population from entering an area. With limited resources dedicated to pathogen prevention and surveillance, public health professionals must be able to predict when Aedes populations will increase and when the population will decrease. These fluctuations in the population are especially important since an increasing mosquito population is correlated with vector-borne disease outbreaks (Tachiiri et al. 2006 , Schaeffer et al. 2008 , Bisanzio et al. 2011 . It is essential that health departments understand why Aedes populations increase and decrease over a single season so professionals can predict a mosquito population a week (or more) in advance and take proactive measures. Health districts and pest control professionals can use these data to prevent pathogen transmission by informing the public that mosquito activity is increasing and applying control options to minimize bites before transmission is at its greatest risk.
In North America, La Crosse encephalitis (LACE) is the leading arboviral disease among children and the highest LACE incidence risk in the nation is in southern Appalachia which accounts for almost 75% of all U.S. cases (Jones et al. 1999, Haddow and Odoi 2009) . The majority of LACE cases occur in children, and cases are often presented as a 'summertime illness' leading to misdiagnosis of meningitis or herpes simplex virus (Woodruff et al. 1992 , Sokol et al. 2001 ). La Crosse virus (LACV) is the causative agent of LACE and is transmitted via the bite of an infected Aedes mosquito. The zoonotic virus is maintained in the environment through transovarial (to offspring), transveneral (during mating), and transstadial (across life stages) transmission within the primary vector Ae. triseriatus, indicating all life stages are important in transmission (Watts et al. 1972 , 1973 , Thompson and Beaty 1977 . Two additional vectors, Ae. albopictus and Ae. japonicus, recently invaded and established in southern Appalachia and have been implicated as competent vectors of LACV (Gerhardt et al. 2001 , Sardelis et al. 2002 , Harris et al. 2015 . It is likely that increasing LACV rates in the southern Appalachian region are due to the presence of the three mosquito vectors causing changes in the traditional epidemiology and ecology of LACV (Haddow and Odoi 2009, Leisnham and Juliano 2012) . Studies explaining change in vector populations over time in relation to environmental variables (such as temperature and precipitation) are lacking; consequently, developing effective models could be used to explain weekly population fluctuations and transmission rates.
Modeling vector population abundances as they relate to their pathogenic agents can provide predictions (e.g., thresholds for risk), experimentation using logical tests (e.g., results from management efforts), and proof of concept analyses based on empirical evidence and assumptions (e.g., scenarios). Current mosquito models consider the vector and the pathogen but should include additional factors such as life cycles, reservoir contacts, control measures, phenology, and environmental features (Heesterbeek et al. 2015 . Where LACV is present, public health departments manage mosquito-borne diseases by applying adulticides only after positive West Nile virus-infected mosquitoes are reported (Moore et al. 1993 ). This approach helps minimize West Nile virus-infected mosquitoes (Culex species), but we do not know how it affects Aedes mosquitoes transmitting LACV. In response to Zika virus, health departments throughout the southeast have started initial Aedes monitoring programs, but resources for pathogen screening and management are rare. The study or modeling of mosquito populations, abundances, and/or activity as they relate to temperature and precipitation has been done in the past for Culex mosquitoes in North America (Bungartz 1997 , Karki et al. 2016 , Abdelrazec and Gumel 2017 , Paull et al. 2017 and Aedes mosquitoes in Latin America (Legros et al. 2016 ). While there is growing interest in studying and modeling Aedes abundances and its correspondence to LACE cases in Appalachia (Harris et al. 2015 , Bewick et al. 2016 or to Dengue fever cases in Southeastern United States (Butterworth et al. 2017) , there are still no data-driven mosquito models for Ae. albopictus for this region. As a step toward understanding LACV in this region the objective of this paper is to build a system of ordinary differential equations to model dynamics in a single season using our data and readily available environmental variables that can reflect the abundance and activity of Ae. albopictus. Knowing that temperature and its rate of change affect the survival rates of Ae. albopictus populations (Delatte et al. 2009 , Roiz et al. 2010 , and that precipitation creates sites where adults oviposit eggs (Soti et al. 2012) , we hypothesize that temperature and its rate of change directly affect adult mosquito host-seeking activity and that precipitation affects the transition rate of eggs to immature mosquitoes.
MATERIALS AND METHODS

Mosquito data collection
In 2013, Aedes mosquitoes were monitored at eight different sites in Knox County, TN, U.S.A. using a variety of trapping methods to determine the best monitoring methods for LACV vectors (Urquhart et al. 2016) . Briefly, mosquitoes were monitored weekly (June through October, 2014 for 18 weeks) using five adult trapping methods. Three traps targeted host-seeking females, one trap targeted resting females, and one trap targeted gravid females. Additionally, two ovitraps were placed at each property to collect eggs from ovipositing females; in the laboratory eggs were counted and allowed to hatch and eclose into adults (Trout Fryxell et al. 2015) . All collected mosquitoes were identified to species and sex, and results are presented in Urquhart et al. (2016) . Briefly, from the adult traps, 2,846 female Ae. albopictus were collected consisting of 2,403 questing specimens (host-seeking), 251 gravid specimens (ovipositing), and 189 resting specimens (nearly ovipositing, finished blood meal). From ovitraps, 28,073 eggs were counted, of which 159 emerged as female Ae. albopictus under laboratory conditions. These data are incorporated into the model.
Mosquito data assumptions
Mosquitoes that had taken a blood meal (identified via trap collections as either resting or gravid) are combined into one compartment. We refer to both as gravid adults. The three traps targeting host-seeking females are combined to provide hostseeking adult counts. Eggs are not identified to species so there may have been more than one species in the oviposition cup. To address this issue, we assume that 87% of the eggs collected were Ae. albopictus eggs since approximately 87% of the adult mosquitoes reared from the eggs were Ae. albopictus.
LACE data collection
LACE human case data were originally obtained from a dataset now hosted on the Center for Disease Control's ArboNET website. The dataset includes both county and week information on 23 LACE cases diagnosed in Tennessee in 2013. These 23 cases included data from outside of Knox county (six of the 23 were from Knox county) and were incorporated into the analyses dataset. The number of LACE cases per week were graphed with this paper's host-seeking mosquito population model across time to show their potential relationship.
Environmental variables
We assume that population dynamics of Ae. albopictus are driven by three environmental factors: temperature, precipitation, and rate of change of temperature. The mean temperature for each week was calculated by taking the mean temperatures from the day the trap was set up and the day the data was collected for each of the eight collection sites, and then again for each week (18 weeks). The average precipitation per day and daily mean temperature comes from weather data (weatherunderground. com) collected at McGhee Tyson Airport (Figure 1 ). The airport was approximately 18.9 ± 2.15 km from each site (10.13-29.1 km). The mean temperature (T) and precipitation (P) for Knox County, TN is plotted against the number of host-seeking female mosquitoes and eggs oviposited per week (Figure 2) . The need to include the rate of change of temperature came from examining the changes in the temperature with the corresponding adult mosquito data, and this rate is calculated from the slope of the piecewise linear interpolant of the temperature data.
Model formulation
Due to interests for predicting and controlling the spread of numerous mosquito-borne diseases, many models for studying mosquito population dynamics have been developed in recent years (Rueda et al. 1990 , Alto and Juliano 2001a , Schaeffer et al. 2008 , Roiz et al. 2010 , Tran et al. 2013 , Ezanno et al. 2015 , Mordecai et al. 2017 . Our model builds upon some ideas from a temperature-and precipitation-dependent mosquito population dynamics model for the Ae. albopictus species (Tran et al. 2013 ); their 2013 model is an application and extension of a generic weather-driven mosquito population dynamics model (Cailly et al. 2012) . We make several modifications to the model from Tran et al. (2013) as detailed below.
First, the original model by Cailly and collaborators (Cailly et al. 2012 , Tran et al. 2013 ) contains ten stages: eggs, larvae, pupae, emerging adults, and six additional adult stages classified by activity (three each for parous and nulliparous females). Here, we only consider four stages: eggs (E), immature (I), host-seeking adults (A h ), and gravid adults (A g ). Our immature stage includes both pupae and larvae, and we only incorporate active (either siteor host-seeking) mosquitoes. This adaptation was made given the content of our data set and the comparatively short time span we are interested in modeling. Second, our model only considers female members of the population for all stages, and we modify parameters from Tran et al. (2013) accordingly. Third, as we are only interested in modeling a short 18-week timespan during the summer and early fall, we do not incorporate a diapause phase in our model. Fourth, we include effects of temperature (T), rate of change of temperature , and precipitation (P). The influences of temperature and rainfall have been well-documented for Ae. albopictus and other mosquito species (Hawley 1988 , Alto and Juliano 2001b , Lourenço-de-Oliveira et al. 2004 , Roiz et al. 2010 .
Finally, we made several changes to the underlying equations from the original model of Tran et al. (2013) that used a precipitation-dependent carrying capacity on the larvae and pupae, whose compartments we combined in the model (Cailly et al. 2012 , Tran et al. 2013 , Ezanno et al. 2015 . Instead, similar to ideas from Erguler et al. (2016) and Lega et al. (2017) , we imposed a precipitation-and density-dependent term on the source component of the egg population. Our mosquito population dynamics model is given by: where all parameters are described in Table 1 , and a schematic diagram showing the transitions between each stage is shown in Figure 3 . Since Tran et al. (Tran et al. 2013 ) also study Ae. albopictus, we use their model parameters as guides for estimation of our own. For parameters for our single immature stage that includes both larvae and pupae, we averaged parameters from Tran et al. for the individual larvae and pupae stages.
The mortality rates for immature and adult mosquitoes are each temperature-dependent and are given by: and for immature, host-seeking, and gravid adults, respectively, where the linear coefficients are taken from Tran et al. 2013 . Note that the parameter is an additional mortality rate associated with risky host-or oviposition site-behavior (Tran et al. 2013) . In that 2013 model, the transition functions for each stage are given in the form: and where the coefficients for immature stage were averaged from the coefficients for larvae and pupae from Tran et al. 's original model (Tran et al. 2013 ). Here we incorporate effects from the rate of change of temperature in the transition function for immature and gravid adults by multiplying the original transition functions by an inverse tangent function for eggs and a shifted logistic function for immature and host-seeking adult segments. These are given as: and where each d x is given in Table 1 . The logistic function has the effect of either increasing or decreasing the transition rate by at most c = ±10%. If > 0 (i.e., the current temperature is warmer than the previous temperature), the transition rate is increased. Similarly, if < 0 (i.e., the current temperature is cooler than the previous temperature), the transition rate is decreased. The constant 2/π and the inverse tangent function in f E (t) ensure that f E (t) = 0 when precipitation P(t) =0, and that f E (t) quickly approaches gE(t) with increasing rainfall. The temperature (T) and precipitation (P) at each time (t) were computed from a piecewise linear interpolation of the respective weather data from Figure 1 . Initial conditions for the model were chosen to be equal to the data from week 1.
A solution to the differential equation was approximated in MATLAB with the ode45 function which uses an explicit RungeKutta (4,5) formula with Dormand-Prince coefficients (Prince and Dormand 1981, MATLAB 2017) .
Sensitivity analysis and model calibration
Some parameters are taken from the literature as indicated in Table 1 , and thus the following seven model parameters were chosen for estimation: dE, dI, dA, Tmin, a, kE, and μr . The estimated values were computed by minimizing the sum of squares of the error between the model host-seeking population and the hostseeking population data using reflective trust region nonlinear Least Squares method with the lsqnonlin function in MATLAB (MATLAB 2017) .
Due to uncertainty in our parameter estimation and choices from the literature, we performed variance-based sensitivity analysis, a form of global sensitivity analysis (Sobol 2001 , Saltelli et al. 2008 , to quantify each parameter's influence on the model output. Unlike one-at-a-time methods or the examination of first partial derivatives, variance-based methods fully explore the input space by simultaneously varying input variables. Variance-based methods are also robust to nonlinear responses, making them a good choice when computationally feasible. Other methods are available if fewer samples are necessary due to model computation time or if the dimension of the parameter space is large, e.g., FAST, Derivative-Based Global Sensitivity Measures, and Partial Rank Correlation Coefficient Analysis (Marino et al. 2008 , Zi 2011 .
As previously mentioned, variance-based sensitivity analysis simultaneously varies all model parameters and decomposes the variance of the model output into terms corresponding to parameters or to interactions of parameters. The first-order sensitivity indices (Si) measure the effects of varying each parameter individually but are averaged over variations in other model parameters. The total-effect sensitivity indices (STi) . Data is also plotted with the host-seeking adult (A h ) population in red. Note that the model was calibrated using only the data from the host-seeking adult stage. measure the variance caused by each parameter but includes all variance caused by its interactions with other parameters as well. Intuitively, the model output is more sensitive to parameters with larger first-order and total-effect sensitivity indices. The model output metric for this analysis was chosen to be the sum of the squares of the error between the simulated Ah and the data at the corresponding time points. Each parameter's Si and STi were calculated using a Quasi-Monte Carlo Latin hypercube sampling technique with 15,000 samples (Saltelli et al. 2008 ). The sampling bounds for each parameter were chosen to be ±25% of their values as reported in Table 1 .
RESULTS
The model estimation yielded parameters of dE = 4.034, dI = 0.3672, dAh = 0.9361, Tmin = 25.21, a = 11.65, kE = 7358, and μr =0.0503. The model simulation results with the estimated parameters are shown in Figure 5 . From the global sensitivity analysis, single and total-effect indices for each model parameter are shown in Figure 4 . The results of the sensitivity analysis demonstrate that the model is most sensitive to Tmin, the minimal temperature needed for survival. The model is also highly sensitive to the total number of degree days necessary for egg development TDDE, the egg stage's logarithmic scale factor dE the egg-laying rate b, and the source-control term for eggs kE.
Given the sparseness of the data collected (eight sites sampled over 18 weeks), the model results should be evaluated 
Values in red were estimated. more qualitatively than quantitatively. Even so, the modeled hostseeking adult population demonstrates excellent and promising agreement to the data. The data counts for the host-seeking adult population peaks in the 31 st and 35 th calendar weeks, while the model population peak in the 32 nd and 37 th calendar weeks. Figure 6 plots the modeled host-seeking adult population with the number of LACE cases in east Tennessee by calendar week. While there is insufficient data to yield statistically significant correlations, one can observe an intuitive relationship between the peaks of mosquito abundance and peaks in the number of LACE cases. The approximately two-week difference in calendar weeks between these peaks allows time for symptoms to present themselves, for those infected to seek medical treatment, and for doctors to accurately diagnose and report the case.
Even though the model was fit to only the host-seeking population, the model yields expected dynamics for the other life stages. The fluctuations in the immature stage and both adult stages of model results demonstrate the population's sensitivity to the temperature and precipitation. The effect of the drop in both precipitation and temperature in calendar weeks 38-40 (see Figure 1) (Delatte et al. 2009 , Roiz et al. 2010 , and precipitation creates sites where adults oviposit eggs (Soti et al. 2012) .
In the future, we hope to adapt this model to other species of mosquitoes, specifically Ae. triseriatus and Ae. japonicus, and incorporate LACV-positive mosquitoes and LACE human cases explicitly into the model. The long-term goal of this study is to develop a model that can be employed to both predict and monitor LACE cases in Appalachia within a season. Given weather data for precipitation and temperature, one could infer mosquito population dynamics and thus the number of LACE cases present in the region. Importantly, health officials can continue to monitor mosquito populations and incorporate weather patterns into their surveillance programs, then notify areas when mosquitoes are abundant in the area. More abundant and accurate field data, gathered over multiple years, would certainly improve model fit and our ability to predict an increase in LACE cases. Data for egg and immature mosquitoes are difficult to obtain, however, but vital to improving the fit and predictive power of our model. Therefore, constant surveillance of both mosquito populations and of LACE cases in southern Appalachia is of the upmost importance. Nonetheless, our current model demonstrates promising results given the limited data we have and warrants the further study of this mosquito species, its response to weather, and its correlation to the number of LACE cases in east Tennessee.
While our study focuses on Ae. albopictus host-seeking in Knox County, our model can be used in other locations with host-seeking Aedes mosquitoes. Specifically, Roiz et al. (2010) also identified the minimum temperature as a critical environmental variable in host-seeking Ae. albopictus from Italy. It has been hypothesized that as temperatures warm, the northward expansion of Ae. albopictus will continue and permit overwintering in areas previously unknown to the species (Roiz et al. 2011 , Rochlin et al. 2013 ). In the United States, the dependence of Ae. albopictus on minimum temperature coupled with a warming climate will permit range expansion into higher elevations (higher into the Appalachian Mountains) and high latitude ecosystems (northern Appalachia), similar to Ae. aegypti in Mexico (Equihua et al. 2017) .
